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Fusion of visible and infrared images of ground targets by unmanned aerial
vehicles based on knowledge distillation adaptive DenseNet
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Abstract: Visible and infrared image fusion aims to exploit the effective information between two different sensors to achieve image
enhancement through complementary image features. However, current deep learning-based fusion methods tend to priorities evaluation
metrics, and the models have high complexity, large weight parameters, low inference performance, poor generalization, and are not
easy to deploy on the UAV edge computing platform. To address these challenges, this paper proposes a novel approach for visible and
infrared image fusion, i.e. , adaptive DenseNet with knowledge distillation to learn a pre-existing fusion model, which achieves fusion
effectiveness and model lightweighting through the use of hyperparameters (e. g. , width and depth). The proposed method is evaluated
on a typical ground target dataset, and the experimental results show that the model parameter is only 77 KB and the inference time is
0. 95 ms, which has an ultra-light network structure, excellent image fusion effect and strong generalization ability in complex scenes.
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Fig. 1 The proposed adaptive DenseNet framework based on knowledge distillation
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Fig.2 The proposed network structure of DenseNet
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Table 2 Adaptive DenseNet network architecture

A= 1 2 3 4 5 6 7 8

n 2 2 2 2 3 3 3 3

m 4 8 12 16 4 8 12 16
HEFLAT ]/ ms 0. 668 0.700 0.701 0.712 0.785 0.82 0.836 0. 847

Aa=2 9 10 11 12 13 14 15 16

n 4 4 4 4 5 5 5 5

m 4 8 12 16 4 8 12 16
HEFRAT ]/ ms 0.918 0.948 0.952 0.971 1.037 1.09 1. 094 1.117
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Table 3 Ablation results of the nonlinear activation layers

Jrik SSIM EN SF VIF
WA AL MG REZ 0.883 6.933 0.039  0.765
AT 0. 884 7.027 0.043  0.782

Ry Wl AL 4 ST
Bl 7 ARZh e ek B T R4S S T Al
Fig.7 Visualization of the ablation results of nonlinear

activation function layers
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X o7 ) PR R A5 SR AN BRPERE , 2 (n = 4,m = 8) B3R
157 B aT WO 5 L0 ARG 5T i R R PRS-

F4 WEREBEMALREOERMER
Table 4 Ablation results for network adaptive

optimization strategies

Fik(n,m) SSIM EN SF VIF  HEREA ]/ ms
(2,4) 0.883 7.008 0.043 0.777 0. 668
(5,16) 0.892 7.025 0.043 0.768 1.117
(4,8) &30 0.884  7.027  0.043  0.782 0.948
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Fig. 8 Quantitative analysis results, indicated by the suffix “_ori” for the original model and the

suffix “_our” for the knowledge distillation model
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Table 5 Test results corresponding to different models

Tk SSIM EN SF VIF
Densefuse_ori 0. 900 6. 651 0. 027 0. 605
SeAFusion_ori 0.902 7.041 0. 046 0.759
SwinFusion_ori 0. 884 6.970 0.042 0. 740

YDTR _ori 0. 875 6.712 0.032 0. 639
Densefuse_our 0. 923 6. 862 0.031 0.628
SeAFusion_our 0. 884 7.027 0. 043 0.782
SwinFusion_our 0. 887 7.009 0.042 0. 745

YDTR_our 0.915 6.959 0.038 0.673
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Table 6 Model size and inference time for the original fusion algorithm and the corresponding adaptive knowledge
distillation DenseNet
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HERRIF AL /ms BRI/ KB n m HEPRSE]/ms  BERUR/NVKB  HEBRFEI LA AR/ GAE
Densefuse 3 296 2 8 0.7 42 0.233 0. 14
YDTR 63 873 2 8 0.7 42 0.011 0. 048
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SeAFusion 4 667 4 8 0.95 77 0.238 0. 12
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Fig.9 Fusion results obtained from the original model of different fusion algorithms and the knowledge distillation model
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